New technologies are emerging on the private vehicle market. Conventional propulsion systems 2 are set to be replaced by alternative, more environment-friendly ones (e.g. electric vehicles), while 3 certain new features, like autonomous driving, will possibly change the way private cars are 4 employed. In order to assess the impact of such technologies, one must estimate how often and for 5 which trips these vehicle types will be used. Another issue is the exact localization of certain 6 vehicle types on the network, in order to assess environmental effects and identify where specific 7 roadside infrastructure (e.g. charging stations) will be required. 8
INTRODUCTION

1
Motorized individual transport is currently the dominant form of transportation in many Western 2 countries and is forecasted to remain at comparably high levels in the coming decades. The 3 expected continuity in car travel demand seems to indicate a status quo, which is far from being 4 true. Several developments with wide-ranging implications can already be observed. The 5 increasing focus on environmental issues spurs on the development of cleaner vehicles (e.g. 6 electric or hybrid cars). Pollution in urban areas due to traffic-related emissions is also a growing 7 concern and authorities are in search of policy measures to tackle this issue. Finally, a 8 technology-driven evolution will bring new functionalities to the vehicles, the most discussed of 9 these being automation. The emergence of autonomous vehicles (AVs) has the potential to 10 severely influence the way private cars are used. 11 Understanding the relationship between the types of vehicles employed and their usage 12 patterns is necessary to enhance forecasting in some situations where the differences between 13 vehicles are relevant. For instance, in order to accurately model local traffic-related emissions, the 14 traffic flows assigned to the network model should be split up according to vehicle emission 15 profiles. Separate traffic flows for each vehicle propulsion system (e.g. petrol, diesel, electric), 16 size, vintage etc. should be calculated. As will be shown in this paper, this modeling step is not 17 trivial. Conversely, the emergence of new vehicle types and technologies might also have an 18 impact on overall car travel demand. In the case of AVs, a decrease in travelers' valuation of travel 19 time might lead to an overall increase in car travel (2) . Furthermore, governments and local 20 agencies might devise policy measures to encourage (or discourage) the use of specific vehicle 21 types, a pertinent example being the current debate on the negative environmental effects of diesel 22 cars in German city centers (3) . Restricting diesel vehicle access in city centers would certainly 23 have an impact on (diesel) car traffic in these areas, but it might also affect overall mode choice, 24 destination choice and trip generation. The complex relationship between the composition of the 25 vehicle fleet (shares of different vehicle types) and car travel demand (by vehicle type) should 26 ideally be addressed in travel demand models (TDMs). 27
This paper investigates the possibility of embedding a differentiation by vehicle type into 28 travel demand models. The objective of this paper is not to forecast the adoption of different 29 technologies in the vehicle fleet, but rather to examine the interaction between a forecasted vehicle 30 stock and the travel demand associated with it. 31
First, we present an overview of past research related to this subject. Then, the overall 32 model framework is described and the target variables are defined. We propose four different 33 approaches to integrating vehicle type choice into TDMs, and discuss their underlying 34 assumptions, advantages and disadvantages. A case study, forecasting the demand for trips using 35 private autonomous vehicles in Germany in the year 2030, is used to illustrate the different 36 approaches. Finally, some conclusions and recommendations for further research are offered. 37
LITERATURE REVIEW 38
Research on vehicle type differentiation has been conducted since the 1970s, when the first vehicle 39 fleet models (VFMs) were estimated (4) . Such models predict long term choices made by 40 individuals or households deciding on the number and type of vehicles they own or purchase. 41
VFMs, also known as vehicle stock, holdings or car ownership models, can vary significantly in 42 terms of their complexity, ranging from simple time series to multivariate discrete choice models 43 (5) . For an excellent review of state-of-the-art VFMs pertaining to the adoption of electric and 44 hybrid vehicles, see the work of Al-Alawi and Bradley (6) . Other recent studies by Litman (7) However, the integration of VFM results into the TDM was not discussed in these approaches, 24
with the AV penetration rates being scenario-based assumptions rather than model results. 25
To our knowledge, the integration of vehicle type differentiation into TDMs has not been 26 thoroughly discussed before. Even in studies on the traffic-induced environmental effects, travel 27 demand shares by vehicle type are either assumed (14) or not differentiated at all (15) . The 28 modeling framework proposed in this paper attempts to rectify these shortcomings. 29
MODELING FRAMEWORK 30
Overview
31
The aim of this paper is to present an approach to estimate car travel demand by vehicle type by 32 integrating results from a vehicle fleet model (VFM) into a travel demand model (TDM). This 33 implies splitting up the overall car travel demand for each origin-destination (OD) pair in the study 34 area depending on attributes of the vehicles, the trip-maker and the trip itself. Using this setup, the 35 model can assess the impact of a wide range of policy measures on both overall car travel demand 36 and vehicle-type specific demand. Furthermore, as separate OD matrices for each vehicle type are 37 generated and can be assigned to the network, this approach can also be used to forecast traffic 38 counts by vehicle type on each road section, which is essential e.g. for fine-grained emission 39 modeling. 40
For the purpose of this study, the structure and setup of the TDM are irrelevant. numbered A1 to A4, will be discussed in the following section. Depending on the model 3 application and data availability, each one of them might seem attractive to use at some point. 4 However, as will be shown in the case study, results might greatly differ, so the adequacy of the 5 method employed must be well weighted. 6
Approaches to Estimating Vehicle Usage Shares 7
A1. Trivial Approach 8
A simple approach to link the results from the TDM and VFM would be to consider that the vehicle 9 usage shares are equal to the vehicle fleet shares (obtained from the VFM) for all OD pairs: 10
A1 works under the assumption that all vehicles are used equally often, independent of any 13 attribute of the vehicle itself (e.g. size, comfort, fuel costs etc.) or of the trip undertaken (e.g. trip 14 purpose, distance, travel time etc.). The obvious advantage of A1 is given by its simplicity and 15 ease of use. This approach does not require any additional data and there are no model parameters 16 to be estimated or calibrated. 17 Results using A1 will be unrealistic whenever there is good reason to assume that certain 18 car attributes are correlated to specific usage statistics. For instance, the average annual mileage of 19 a petrol-fueled car in Germany amounts to ca. 10,000 km, while diesel vehicles are driven on 20 average ca. 17,000 km (own analyses on national household survey data). In this case, the 21 assumption of equal usage would obviously lead to wrong forecast results. An argument could be 22 made that the independence of the choice outcome with respect to vehicle and trip attributes is 23 indeed given for a large proportion of the population -those individuals or households that only 24 possess one vehicle and thus cannot choose between multiple vehicles for each trip. However, it is 25 not unreasonable to assume that these decision makers will consider their predicted annual mileage 26 when buying a car, thus correlating the available vehicles to their travel patterns. Therefore, while 27 A1 does deliver a very rough estimation of vehicle usage shares, it is not suited for precise 28 forecasting and should rather be used as a benchmarking tool for the more complex approaches 29 shown in the following sections. 30
A2. Trip Segmentation Approach 31
The Trip Segmentation Approach (A2) derives the usage shares from observed data in the base 32 year. The concept revolves around the idea that, by segmenting trips into homogenous groups, all 33 relevant differences in the car usage patterns can be identified. Assuming that all relevant 34 explanatory factors have been identified in the base year analysis, the empirically derived usage 35 shares can then also be used for forecasting. 36
In order to provide statistically reliable results, comprehensive data on the vehicle usage in 37 the base year is required. Ideally, a trip database should be available containing information on the 38 trip itself, as well as on the characteristics of the vehicle used. Regional or national household 39 surveys should provide this information for a sufficiently large number of trips. For instance, the 40
German national household survey (1) reports on ca. 70,000 car trips and the corresponding ca. 41 35,000 vehicles used on these trips. 1 The empirical data in TABLE 1 indicates that trip purpose and distance are not independent 8 of the size and age of the vehicle employed. For short trips, the usage shares closely resemble the 9 vehicle fleet shares, suggesting that for these trips, car attributes have little explanatory power. 10 This is exactly the assumption followed by the Trivial Approach (A1). For longer trips, however, 11 the usage shares of both larger and newer vehicles increase. This is particularly evident for 12 business trips, where the disparity between the usage and vehicle fleet shares is the largest. As long 13 trips have a significantly higher impact on the overall VMT, this also shows the limitations of A1. 
TABLE 1 Observed Vehicle Usage Shares in Germany 2
Small
exp( ( )) the vehicle fleet structure. The lack of such sensitivity was mentioned above as one of the major 6 limitations of A2. Finally, as only differences in utility are relevant, the model can be specified 7 with fewer variables than A3. This should simplify the process of parameter estimation and make 8 the assessment of elasticities and overall model responsiveness easier to handle. Nevertheless, the 9 difficulties in estimating the model parameters mentioned in the previous section also apply to A4. 10
CASE STUDY 11
Scope
12
The following case study will be used to exemplify the modeling framework proposed in this 13
paper. The primary goal of the study is to compare the differences in the four approaches presented The last bullet point on the list is necessary in order to enable a comparison between those 32 approaches that can model the effects on mode and destination choice (A3 and A4) and those that 33 cannot (A1 and A2). Furthermore, in order to exemplify the impact that user preferences have on 34 the vehicle type usage, we also assume that AVs lead to a decrease in the users' valuation of travel 35 time savings (vtts), as the in-vehicle time can also be used for other activities instead of driving. 36
The vtts reduction assumed is 25 percent starting with the eleventh minute of travel on, following 37 the results of an extensive literature study (9) . Note that the vtts reduction only affects the choice 38 between AV and non-AV and not the overall mode and destination choice, once again in order to 39 enable the comparison between the four approaches. 40 A VFM was used to forecast the shares of autonomous vehicles in the German fleet. The model 7 setup is briefly presented in (9) and uses an s-shaped market-take-up curve to model the diffusion 8 of automation technologies. Vehicles were grouped into four size categories in order to enable 9 different technology diffusion rates, while vehicle vintage is a model result. In this case study we 10 assumed that AV technology will first be available for large vehicles starting with 2020 and 11 subsequently also for the smaller car segments. 
TDM and VFM input
Implementation of the Linking Approaches 14
A1
15
The implementation of the Trivial Approach is straightforward. AV usage shares for all trips result 16 from the vehicle fleet shares given in TABLE 3, meaning that irrespective of trip purpose and 17 distance the share of AV trips from all car trips will be 11.2 percent. 18
The Trip Segmentation Approach used the analysis shown in TABLE 1. The German car fleet was 20 segmented into the 12 categories shown (four size x three age categories). The vehicle usage 21 shares given in TABLE 1 were applied to the forecasted car travel demand matrix, thus obtaining 22 the usage share of each of the 12 vehicle categories for every OD relation. 23
In order to estimate demand for autonomous vehicles, the assumption was made that for 24 each of the 12 vehicle categories, AV and non-AV usage shares are equal to the vehicle fleet shares 25 in that category. This implies that usage preferences for new and large AV are equal to those for 26 new and large non-AV, and so on. Thus, differences in the utilization of AV and non-AV only result 27 from the car size and age. 28
In order to illustrate the Choice Model Approach, a simple model was set up with two vehicle 2 categories: autonomous ( AV ) and non-autonomous ( nAV ) vehicles. The utility function for these 3 vehicle categories was adopted from the German National TDM (10 The travel time parameter used for this case study was 0.06
The Incremental Approach employs the vehicle usage shares from and destination choice was kept unchanged in the four approaches even though A3 and A4 offer 25 the possibility of also estimating induced traffic. Enabling this feature will likely further increase 26 the AV VMT shares using A3 and A4. 27
CONCLUSIONS AND OUTLOOK
28
The work presented in this paper is driven by the need to better forecast the impact of new 29 technologies on motorized individual transport demand. As vehicle attributes are correlated to 30 usage patterns, it becomes necessary to differentiate car travel demand according to these 31 attributes. This becomes even more important when assessing the environmental effects of car 32 traffic. 33
The aim of this paper was to present a modeling framework for splitting up overall car 34 travel demand originating from a macroscopic travel demand model. A necessary prerequisite for 35 this method is the existence of an independent vehicle fleet model forecasting the composition of 36 the car fleet. Four approaches to linking the results from these two models were discussed. 37
Apart from the trivial solution of splitting up demand according only to the shares of 38 respective vehicles in the fleet, the other three approaches all have their merits, but also their 39
shortcomings. The Trip Segmentation Approach relies on observed usage patterns and 40 assumptions and is therefore not sensitive to modifications in the input parameters. The Choice 41
Model Approach is versatile, but the logit model parameters leading to a good fit to observed data 42 are difficult to estimate. Finally, the Incremental Approach attempts to combine the advantages of 43 the other approaches, but its responsiveness to variable input is somewhat difficult to ascertain. 44
Results obtained using the four approaches were compared in a case study forecasting 45 demand for travel with private autonomous vehicles in Germany in the year 2030. The results 46 showed significant differences, particularly in the prediction of AV VMT. As expected, the 1 forecasted demand for AV travel was lowest using the Trivial Approach and highest using the 2 Incremental Approach. 3
In the case study shown, the Discrete Choice Approach was implemented using a very 4 simple model formulation. Further work is required to enhance the utility function by also 5 incorporating other vehicle attributes. It is expected that an ideally formulated and calibrated 6
Discrete Choice Approach should lead to similar results to the Incremental Approach. The 7 theoretical and practical difficulties related to the model estimation require further analyses. 8 Until a more complex Discrete Choice Approach can be implemented, the Incremental 9
Approach seems to be a better suited method of linking macroscopic travel demand and vehicle 10 fleet models. The approach should be put to use in other case studies as well, in order to better 11 understand the way it responds to different input data. 12 
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